Objectives: (1) To develop a fully automated algorithm for segmentation of visceral adipose tissue (VAT) and subcutaneous adipose tissue (SAT), excluding intermuscular adipose tissue (IMAT) and bone marrow (BM), from axial abdominal magnetic resonance imaging (MRI) data. (2) To evaluate the algorithm accuracy and total method reproducibility using a semiautomatically segmented reference and data from repeated measurements. Background: MRI is a widely used in adipose tissue (AT) assessment. Manual analysis of MRI data is time consuming and biased by the operator. Automated analysis spares resources and increase reproducibility. Fully automated algorithms have been presented. However, reproducibility analysis has not been performed nor has methods for exclusion of IMAT and BM been presented. Methods: In total, 49 data sets from 31 subjects were acquired using a clinical 1.5 T MRI scanner. Thirteen data sets were used in the derivation of the automated algorithm and 36 were used in the validation. Common image analysis tools such as thresholding, morphological operations and geometrical models were used to segment VAT and SAT. Accuracy was assessed using a semi-automatically created reference. Reproducibility was assessed from repeated measurements. Results: Resulting AT volumes from the automated analysis and the reference were not found to differ significantly (2.0714% and 0.8472.7%, given as mean7s.d., for VAT and SAT, respectively). The automated analysis of the repeated measurements data significantly increased the reproducibility of the VAT measurements. One athletic subject with very small amounts of AT was considered to be an outlier. Conclusions: An automated method for segmentation of VAT and SAT and exclusion of IMAT and BM from abdominal MRI data has been reported. The accuracy and reproducibility of the method has also been demonstrated using a semi-automatically segmented reference and analysis of repeated acquisitions. The accuracy of the method is limited in lean subjects.
Introduction
The amount and distribution of adipose tissue (AT) is associated with the risk of metabolic and cardiovascular diseases such as, type 2 diabetes mellitus, atherosclerosis and hypertension. [1] [2] [3] [4] Especially, the amount of visceral adipose tissue (VAT) is positively correlated to these risks. 3, 4 This knowledge together with the elevating prevalence of overweight and obesity in the western world evince the importance of research within the field of body composition analysis. Methods for analysis of body composition need to be validated for accuracy and reproducibility. The most accurate and reproducible body composition methods are based on computed tomography (CT) or magnetic resonance imaging (MRI). 5, 6 CT has the advantages of giving homogenous image intensities in absolute scale, and geometrically accurate images. However, subjects undergoing CT examinations are exposed to ionizing radiation limiting coverage and longitudinal studies. MRI allows safe and accurate assessment of AT. [6] [7] [8] However, the relative image intensity scale and the inhomogeneous image intensity of MRI are factors that make accurate analysis difficult. Manual analysis of AT from MRI data is time consuming and biased by the operator. Automation of the analysis involves several challenges: the inhomogeneous image intensities significantly degenerates the image quality in the large field of views often needed in studies of AT, the large shape differences between subjects, and the poor histogram separation of different tissues, to name a few. Compared to manual analysis, semi-automated analysis is less time consuming and less operator dependent. Semiautomated analysis is therefore commonly used in assessment of AT. 6, [9] [10] [11] However, it has been concluded that the availability of one experienced operator adds to accuracy 9 and analysis times of whole-body data (that is 450 slices for each subject) has been reported to be B4-5 h. 6 Fully automated analysis removes the operator bias and, if accurately performed, increases the reproducibility. Fully automated analysis might also reduce the analysis times. Previous studies have been performed on fully automated segmentation of VAT and subcutaneous adipose tissue (SAT) from abdominal MRI. 7, 8 These studies however do not report reproducibility data and no information is given on the use of separate derivation/validation cohorts. The previously presented methods only used slice-wise analysis and did not fully exploit the contiguous nature of the volumetric data. Reproducibility measurements, including repeated acquisition and analysis have previously been reported from studies including semi-automated analysis. 9, [11] [12] [13] [14] However, reproducibility has never previously been evaluated using fully automated analysis. Bone marrow (BM) may induce high signal intensity in the acquired images. Shen et al. 15 have proposed the exclusion of inter-/intramuscular and paravertebral AT from the VAT. However, previously presented fully automated methods have included BM and inter-/intramuscular AT into the VAT. One semi-automated method has previously been reported to separate VAT and SAT and exclude BM. 6 However, the description of the implementation was limited.
The first objective of this study was to develop a fully automated algorithm for segmentation of VAT and SAT from axial abdominal MRI data. The second objective was to evaluate the algorithm accuracy, by the use of a semiautomatically segmented reference, and the reproducibility, by analysing data from repeated measurements. The study used a derivation cohort for the creation of the algorithm and a validation cohort for proper validation. The study excluded the volumes of BM and inter-/intramuscular AT from the analysis.
Methods

Subjects
In total, 31 volunteers were included in the study; 13 (six females, seven males) were used in the derivation of the automated algorithm and 18 (six females, 12 males) were used for validation, where repeated acquisitions were performed ( Table 1 ). The subject cohorts were denoted the derivation cohort and the validation cohort, respectively. The derivation cohort included image data acquired in connection with local medical studies where the correlations between the amounts of VAT and SAT and pathological conditions including obesity and diabetes were investigated. Image data were randomly selected from two studies to increase the cohort variance. The validation cohort consisted of healthy volunteers recruited solely for the purpose of the study validation. The study was approved by the local ethics committee and all subjects gave written informed consent.
MRI Acquisition
The image acquisition was performed on a 1.5 T clinical MRI scanner (Gyroscan NT, Philips Medical Systems, Best, The Netherlands) using the body coil and a T1 weighted twodimensional (2D) multislice spoiled gradient echo acquisition of 16 contiguous axial slices of the abdomen. The volume was centred over L4-L5. The slices acquired are hereafter denoted 1-16 from caudal to cranial. The volumes acquired included the arms of the subjects. To simplify the automated image processing, careful subject positioning was used to ensure that the arms of the subjects were separated from the abdomen in all image slices. The scan parameters used were TR/TE/Flip, 129/4.6 ms/80 degrees, and FOV/ Matrix/slice thickness, 430/256/10 mm. Anterior-posterior phase coding direction was used. Scan time was 16 s.
The subjects in the validation cohort were, after the first acquisition, instructed to rise and to have a 5-min break after which the whole acquisition process was repeated. The purpose of the repeated measurements was to investigate the influence of the abdominal motion, the repositioning of the subject, the repositioning of the acquired volume using the survey scan and the analysis method on the AT volumes measured.
Automated segmentation algorithm
The automated image analysis was performed using a standard set of image analysis tools 16 such as thresholding, compensation for intensity inhomogeneities, morphological operators and a priori geometrical models. The algorithm was implemented in Cþ þ and the software package ITK (Insight Segmentation and Registration Toolkit, www.itk.org) was used for the basic data processing and handling. The aim of The algorithm uses following tools, which are described in more detail in Appendix A: the connected area mapping (CAM) tool is used to analyse objects based on in-slice connectedness. The connected volume mapping (CVM) tool is the extension of the CAM tool utilized for connected volume analysis in three dimensions (3D). The orthogonal convex hull tool is an adapted version of a convex hull. 16 The pelvis and vertebra models are geometrical models of the geometry of the pelvis and the vertebral region used to include geometrical a priori information. Notations:
I-Grey level images B-Binary images T-Threshold levels H-Histograms G-Gaussian functions Subscripts I STEP,EVENT/DESCRIPTION are used to identify where an object is created or used.
Step defines step (1) (2) (3) (4) (5) (6) (7) (8) according to the definition below and event/description is used to further specify the use.
The automatic algorithm is based on following eight steps:
(1) Arm exclusion, volume reduction and histogram bimodality analysis. Step 1 is illustrated in Figure 1 and described in detail in Appendix B1. Output from step 1 is a volume reduced in size where the arms are excluded.
Step 2: Intensity correction Intensity correction is performed to reduce the effects of image intensity inhomogeneities caused by the non-optimal static, radio frequency and gradient fields. The effects increase with the distance from the isocenter of the scanner. Hence, the effects are most pronounced in the SAT and increase with abdominal size. From prior experience and from the analysis of the derivation cohort, it was concluded that the intensity correction is not needed when analysing small subjects. The method used also gives better correction results on subjects with more AT; therefore, intensity correction is not performed on data sets that show a nonbimodal H 1D -histogram.
Step 2 includes three main events, 2A-C. In (2A), pixels that contain AT are determined. In (2B), polynomials are slice-wise fitted to the intensities of the pixels containing AT, see illustration in Figure 2 . In (2C), the compensation is performed slice-wise using the polynomial approximations.
Step 2 is described in detail in Appendix B2. Output from step 2 is a volume with reduced or small AT image intensity inhomogeneities.
Step 3: Segmentation of body from background The segmentation of the body is performed using a region growing of the background until an automatically determined intensity threshold value is reached. The threshold is Automated and reproducible segmentation of VAT and SAT J Kullberg et al determined using only pixels in a border region covering mainly background, skin and SAT. This method is independent of what is inside the border region that is the amount of AT, intestines, muscle or liver. This is advantageous since pixel values inside this region do not aid the body threshold determination.
Step 3 consists of three main events, 3A-C. In (3A), a mask covering the border region of the body is created. In (3B), a histogram is created from pixels in the border region. In (3C), the threshold is determined.
Step 3 is illustrated in Figure 3 and described in detail in Appendix B3. Output from step 3 is a binary volume of the abdominal region (B 3C ) and the volume image (I 3C ) masked by the binary volume.
Step 4: Creation of AT-mask The automated determination of the AT threshold T 4 is performed using one of two methods, depending on the shape of the H 1D histogram. Both methods analyse the histogram H 4 derived from pixel data in the volume image (I 3C ) created in step 3. T 4 allows creation of the thresholded volume image B 4-AT , which estimates pixels that mainly contain AT. These pixels are hereafter denoted AT-pixels. A B 4-REST image is created from the body pixels in B 3C that are not present in B 4-AT . B 4-REST determines the pixels mainly containing non-fatty tissue that is muscle, bone, organs and intestines. These pixels are hereafter denoted non-fat-pixels.
Step 4 is illustrated in Figure 4 and described in detail in Appendix B4. Outputs from step 4 are the binary images B 4-AT and B 4-REST .
Step 5: Creation of SAT-mask The purpose of this step is to create a SAT-mask, B 5 , which separates SAT from other tissues. The creation of B 5 is described using three main events, 5A-C. In (5A), a gradient magnitude image is computed (I 5-GRAD ). In (5B), a mask, B 5-GRAD , is created from I 5-GRAD . In (5C), B 4-REST is masked using B 5-GRAD to remove non-fat-pixels in the SAT region and create B 5 . The SAT-mask B 5 is used to separate B 4 into B 5-VAT and B 5-SAT .
Step 5 is illustrated in Figure 5 and described in detail in Appendix B5. Outputs from step 5 are the binary mask B 5 and the binary images B 5-VAT and B 5-SAT .
Step 6: Pelvis model Bone marrow sometimes gives high signal intensity areas in the images acquired resulting in AT-pixels in B 5-VAT . In this study, neither BM nor inter-/intramuscular AT is of interest. The number of pixels segmented as AT in B 5-VAT from these compartments are reduced by locally raising the T 4 threshold (T 4-LOCAL ). That is, regions with a high probability of containing BM, and AT depots of low interest in this study, are thresholded using the higher threshold. The regions where this is performed are determined by the pelvis model.
Step 6 is performed using two main events, 6A Automated and reproducible segmentation of VAT and SAT J Kullberg et al and 6B. In (6A), the pelvis model is positioned in the volume using automated finding of the spinal cord position. In (6B), the T 4-LOCAL threshold is applied to reduce the contribution from fat depots of no interest in this study.
Step 6 is illustrated in Figure 6 and described in detail in Appendix B6. Output from step 6 is a binary image (B 6-VAT ) containing reduced amounts of BM and inter-/intramuscular AT segmented as AT.
Step 7: VAT identification. The identification of VAT-pixels from B 6-VAT is performed using four main events, 7A-D. In (7A), the vertebra model is used to remove unwanted binary objects from B 6-VAT . In (7B), a region growing is performed to extend the VAT depot. In, (7C) small connected objects in B 6-VAT are removed. In (7D), a mask (B 7 ) covering the VAT region is created and used to undo incorrect deletions of small connected VAT objects removed in event (7C).
Step 7 is illustrated in Figure 7 and described in detail in Appendix B7. Outputs from step 7 are the final binary image containing the VAT pixels and a binary image (B 7 ) that covers the visceral region.
Step 8: SAT identification The B 3 mask is used as the outer border of the SAT pixels. The inner border of SAT is determined using a region growing of pixel intensities above threshold T 4 . The region growing is limited to the region outside the union of a slicewise eroded copy of the B 5-ERODED mask, denoted B 8-ERODED and the B 7 mask. Pixels between the inner and the outer border create the binary image containing the final SAT pixels.
Step 8 is illustrated in Figure 8 . Automated and reproducible segmentation of VAT and SAT J Kullberg et al
Evaluation
The evaluation of the automated algorithm was performed assessing accuracy and reproducibility. The accuracy was assessed using a, by an experienced radiologist, semiautomatically segmented reference from the first acquired data set from each subject in the validation cohort. The reproducibility was assessed by analysis of repeated measurements of the validation cohort. Results from automated and semi-automated analysis were compared. The semiautomated reproducibility analysis was performed by two experienced operators (1 and 2). The semi-automated analysis was performed using following steps: for each data set, an AT threshold was first manually determined and applied. Pixels thresholded as AT originating from BM, intestines, inter-and intramuscular AT were manually removed. SAT and VAT pixels were then manually separated. Manual corrections were performed to reduce the effects of intensity inhomogeneities, skin folds and partial volume effects. The creation of references of this accuracy was very labour intense. The accuracy was therefore only assessed using every second slice (2, 4y).
The accuracy was measured by absolute and relative differences of VAT and SAT volumes derived from the fully automated and the semi-automated analysis, respectively, and by calculating the fractions of true positive (TP) and false positive (FP) segmented pixels using the semi-automatically segmented data as reference. In the reproducibility assessment, the relative differences of the VAT and SAT volumes measured using the fully automated segmentation algorithm and the semi-automatic analyses were calculated.
The statistical analysis was performed using the software StatView (SAS Institute Inc. Cary, NC, USA. www.statview.com). Student's paired t-test was used to test for significant differences between automated and reference VAT and SAT measurements and between TP and FP fractions from VAT and SAT, respectively. The F-test was used to test variance differences. P-values o0.05 were considered statistically significant. Linear correlations were used to study dependencies between subject characteristics (age, weight, height, body mass index (BMI), waist circumference) and absolute and relative accuracy and reproducibility, for VAT and for SAT results, respectively. Bonferroni correction was used in the studies of multiple dependencies.
Results
The results from accuracy and reproducibility measurements from 17 of the 18 subjects in the validation cohort are shown in Table 2 . One athletic male subject with little AT was considered to be an outlier and was therefore excluded from accuracy and reproducibility analysis. No significant absolute or relative accuracy differences between automated analysis and the reference were found.
TP values were seen higher for SAT than for VAT (P ¼ 0.0011) and were seen to vary less for SAT than for VAT (Po0.0001). FP values were significantly larger for VAT than for SAT (P ¼ 0.0040) and the variance was significantly higher for VAT than for SAT (Po0.0001).
The reproducibility measurements showed that the fully automated analysis gave a lower variance for the VAT measurements than what the semi-automatic approach did. Automated analysis of SAT showed a significantly lower variance compared to the variance from operator 1. Figure 9 shows the relative volume differences between the results from the fully automated algorithm and from the reference, for VAT and SAT. Neither the relative nor the absolute differences showed a significant dependence of volumes of VAT measurements and SAT.
Positive linear correlations between age and SAT accuracy (automated results -reference) were found, both for relative and absolute values (ro0.65, P ¼ 0.005, P ¼ 0.007, respectively). However, these dependencies were not significant when correction for multiple tests was used.
Discussion
We have shown that it is possible to perform fully automated segmentation of VAT and SAT from abdominal MR images and that the accuracy and reproducibility of the measurements are lower for VAT than for SAT. Analysis of data from repeated measurements shows that the automated analysis increases the reproducibility of the VAT measurements compared to semi-automatic measurements.
It has previously been concluded that accurate segmentation of AT is easier to achieve in subjects with more AT than Automated and reproducible segmentation of VAT and SAT J Kullberg et al in lean subjects. 9, 12 In this study, one athletic male subject of BMI 22.9 kg/m 2 had by far the smallest amounts of AT (69 cm 3 VAT and 309 cm 3 SAT, determined in reference). The second leanest subject had more than twice the amounts of VAT and SAT. The athletic subject was therefore considered to be an outlier in the accuracy and reproducibility evaluations. The analysis performed on the outlier using the automated algorithm was found to overestimate the amounts of AT compared to the reference. The absolute overestimation of VAT (131 cm ) did not show extreme deviation from other absolute errors. However, the small amounts of AT in the reference resulted in relative overestimation of 190 and 29% from VAT and SAT, respectively. The overestimations mainly originated from erroneous segmentation of intestinal fat and liver. However, when using the more simple reference, without manual corrections, the volumes determined by the automated algorithm underestimated the volumes from VAT and SAT by 11 and 27%, respectively. The difference between the AT volumes measured by the automated algorithm from the repeated measurements of this subject were also small (3.0 and 4.7% from VAT and SAT, respectively). Since the validation cohort included six normal, 10 overweight and two obese subjects, we conclude that our solution allows automated analysis of most normal subjects in addition to overweight and obese subjects. To the author's knowledge, no previous solution has been presented on abdominal AT segmentation that allows analysis of non-bimodal histograms including detailed description and proper validation.
The acquisition and analysis of only a subvolume of the abdomen is a limitation of this method. The L4-L5 level has been found to contain the largest amount of AT 14, 17 and VAT has been found more concentrated and more strongly correlated to health risks at a higher location (L2-L3). [17] [18] [19] [20] However, VAT has been found significantly associated with the metabolic syndrome independent of measurement site. 19 The abdominal subvolume used in this study typically included the volume between 2 cm below the promontorium and the lower part of L2 in the validation cohort. The volume used thus most likely allows robust estimates of the total amounts of SAT and VAT. The caudal most part of the right liver lobe was seen in 39% of the volumes in the validation cohort. It is likely possible to adapt the presented algorithm for analysis of larger abdominal regions. Analysis of a larger abdominal region will likely include more of the liver. However, signal intensity from liver has been reported to overlap the signal intensity of AT in T1 weighted images. 6, 21, 22 Hence, appropriate action needs to be taken to allow fully automated analysis. Acquisition of a larger volume might also require reduced image quality or multiple breath holds. The semi-automated reference creation for the study validation was performed in a precise manner, since it was visually estimated that thresholding, followed by separation into AT depots, that is the method most commonly used, did not give a satisfying reference. The manual correction performed on the accuracy reference increased the amount of VAT and SAT by 11713 and 8.776.4%, respectively. The contribution from intestinal content into the VAT depot is often a source of error. In the study presented this content was excluded from the reference giving a larger FP accuracy result to the VAT depot and accuracy measurements closer to the true amount of VAT. The use of an accuracy reference created by a single radiologist is a limitation of this study.
Semi-automated analysis is the method most commonly used in analysis of AT. The most commonly used methods Automated and reproducible segmentation of VAT and SAT J Kullberg et al aid the thresholding of AT and allow subsequent visual threshold evaluation and correction. 6, 11 VAT and SAT is commonly separated using manual delineation. 6, 10, 11 Repeated acquisition and semi-automated analysis in three subjects has been reported by Machann et al. 11 to result in variation coefficients of 2.0-2.7% and 3.1-3.9% for whole-body total AT and VAT, respectively. No BMI data were given. Positano et al. 7 have presented an automated method for slice-wise analysis of abdominal data using fuzzy c-mean thresholding, snakes and fitting of a Gaussian function to the AT histogram peak for segmentation of VAT and SAT. The study presented included 20 subjects and the s.d. of the difference between automated and manual reference assessments were approximately 16 and 5.8% for VAT and SAT, respectively. Even though constraints, that were not well defined in the paper, were used in the snake algorithm for separation of SAT and VAT, it is likely difficult to get high accuracy due to the large variations in abdominal shapes commonly seen. Liou et al. 8 have created a fully automated segmentation method, that has similarities with the one presented in this study, and measured the performance on image data from four different imaging sequences in 39 overweight/obese (mean BMI ¼ 29) subjects. The algorithm uses common image analysis tools for slice-wise data analysis. The algorithm was validated by use of a reference created by using the AT thresholds determined by the automated algorithm. The s.d. of the differences between the automatically derived results and the reference, given as mean values of the four different imaging sequences, were 2.1 and 0.9% for VAT and SAT, respectively. Liou et al.'s algorithm is seen to be robust to nonstandard cases. However, the algorithm includes steps that limit the use in subjects with normal BMI and resulting segmentations shown in 'typical' cases are seen to contain mistakes. The use of the automated threshold, derived by the algorithm, in the creation of the manual reference, and the fact that repeated measurements were acquired from most subjects limits both the use of the validation and the comparison made to the study performed by Positano et al.
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Challenges in automated segmentation of abdominal data are the intensity inhomogeneities, the large inter subject differences in abdominal size and shape and the varying amount of AT. The varying amount of liver present in the volume, affecting the histogram differently, and the weak delineation of the anterior muscle wall, seen more frequent in larger subjects, also make the analysis difficult.
Many studies have been performed on intensity nonuniformity correction. 23, 24 The method used in this study is simple to implement and gives a second order correction. However, it requires segmentation of a tissue that is supposed to have a homogenous intensity. The effect of the correction method used was measured by least square fitting of a Gaussian function to the AT peak of the data sets from the first acquisition of the validation cohort before and after intensity correction. An index was created by dividing the height of the Gaussian function by its s.d. The index showed a significant increase after the correction 165753.9% (Po0.0001, Students t-test) proving a decreased intensity variance in AT. The orthogonal convex hull tool, used in the creation of B 5-COARSE , B 5 and B 7 , was seen to be an efficient tool that filled void areas between binary objects without expanding the external limits to the same amount as the use of the ordinary convex hull method would have.
The use of the pelvis and the vertebra models included geometrical a priori knowledge into the algorithm. Despite their low level of complexity, their use highly contributes to the reduction of BM and inter-muscular AT included in SAT and VAT classes. The template matching used to determine the model reference point utilized the typical features of the spine. The low image intensity of the spinal cord and the characteristic intensity pattern of the vertebra-disc-vertebra in the z direction allowed a robust determination of the spinal cord position. The distance between automated and manual spinal cord position determination was determined to be 1.6070.75 pixels. The inter operator difference was found to be 0.8970.83 pixels when comparing positions determined by two operators in the data sets from the first acquisition of the validation cohort. Possible model improvement would be to give the models more degrees of freedom for example by use of the active shape model approach. 25 The exclusion of BM and inter-/intramuscular AT uses a local thresholding. This might be a limiting factor in extremely obese, sarcopenic and extremely osteoporotic subjects who commonly have large amounts of intermuscular AT and high signal intensity in BM. The proposed method needs to be validated in these subject groups before conclusions can be drawn. The different algorithm steps combine the use of methods in 2D and 3D, thus exploiting both the fact that the in-slice resolution is higher than the resolution in z direction and the fact that contiguous volume information is available.
Research tools need to be both accurate and reproducible. However, in longitudinal studies when change detection in the purpose, and the subjects can be used as their own references, the importance of reproducibility might be of greater importance than accuracy. The reproducibility data presented in this study give the variance within one session. In body composition research, the natural variation over time is also of importance.
Independent of MRI sequence used, centring of the subject position inside the scanner, especially for larger subjects, is important for the image quality. The semi-automated analysis used in this study requires B25 min for analysis of 16 slices. The automated algorithm is not optimized for short execution time and 7.471.6 min, depending on subject size, are required today. At present, the algorithm is not publicly available. However, our intention has been to describe the algorithm in such detail that reproduction is possible.
In conclusion, we have presented a fully automated algorithm that allows segmentation of VAT and SAT from Automated and reproducible segmentation of VAT and SAT J Kullberg et al abdominal MRI data. The algorithm excludes BM and inter-/ intramuscular AT from VAT and increases the reproducibility of analysis of repeated VAT measurements compared to semiautomated analysis. The accuracy of the method is limited in lean subjects.
by the object. In the orthogonal convex hull, object pixels are only connected in the x and y directions.
Pelvis model. A model of the pelvis geometry was created as the mean shape of manually measured pelvis shapes of the subjects in the derivation cohort. The centre pixel of the spinal cord, P i , where i ¼ 1y16 defines the slice, was visually determined in slices 1-8. Position P 8 was used as the reference position in each volume. The positions P 9 -P 16 were set equal to P 8 . Occasionally, the spinal cord was not present in slices 1-3. When not, the points affected (P 1 -P 3 ) were set equal to the point of the closest superior slice, with spinal cord present. The change of P i across image slices 1-8, in anterior-posterior direction, was modelled using constant increments.
Two straight lines were manually fitted from each P i along the shape of the pelvis, see Figure 10 . The lines were drawn both to the left and to the right, forming a v-shape, in all images where the pelvis was present. The lines were drawn anterior to the subject's iliac crests separating pelvis from the VAT area. The angles of all lines were measured. The angle change between image slices, where pelvis was present, was modelled using linear interpolation between slices 1 and 12. For slices 13-16, the same angle as for slice 12 was used. Manual measurements of positions and angles were performed using the software ImageJ (Image Processing and Analysis in Java, v1.36b, 13 March 2006, http://rsb.info. nih.gov/ij/).
Vertebra model. A model of the vertebral region was created by manual delineation of this region in all subjects in the derivation cohort. The purpose was to include geometrical a priori information on a region known to contain inter-/ intramuscular AT and BM. The region included sacrum, the vertebras, and the spinal muscles. Psoas muscles were not included since the surrounding AT was classified as VAT. The common region delineated in all subjects, merged using point P 8 in each subject as reference, was used in the model. Dilation and erosion. Dilation and erosion is performed in 3D, using an 18-neighbourhood, and in 2D using an eightneighbourhood structuring element, respectively.
Region growing. All region growings are performed using pixel intensity criteria. In 2D, an eight-neighbourhood is used and in 3D an 18-neighbourhood is used.
Image masking. Image masks are binary images having a foreground represented by white pixels ( ¼ 1) and a background represented by black ( ¼ 0) pixels. When the masking is performed, only pixels located in the foreground are considered in further processing.
Appendix B1
Detailed description of step 1 (1A) The input volume image, I, is first thresholded at level T 1A ¼ 100, empirically determined from the derivation cohort, to separate body and the arms from background noise. The resulting binary image B 1A is processed using the CVM tool to derive the volume-mapped image I 1CVM . The arms are excluded from I 1CVM by removing everything but the largest connected component, creating the binary image B 1A2 . Note that the arms need to be separated from the abdominal area in each slice of B 1A . This was assured during the image acquisition by careful subject positioning. Image I 1A is created by masking of the input volume I using B 1A2 . (1C) The input volume image I is cropped using the bounding volume of the body in B 1B to minimize the data handling in upcoming processing steps. The cropped volume image I is denoted I 1C . Note that since the cropping is performed in 3D, all slices are not optimally cropped.
(1D) Histogram H 1D is derived from I 1C masked by B 1B . H 1D is analysed to determine if the abdominal histogram has a bimodal shape, characteristic for data sets containing medium to large amounts of AT. Data sets containing small amounts of AT may not show an AT histogram peak, hence have non-bimodal histograms. The bimodal shape is determined by analysing the histogram peaks and nadirs. If two peaks are found, both with amplitudes (A 1 and A 2 ) greater than A min , separated by a minimum intensity range R min , having a nadir, positioned between the peaks of an amplitude smaller than K% of the smallest peak amplitude, the histogram shape is considered bimodal. The A min parameter was used to ensure that peaks were not found in the histogram noise and R min was used to prevent subpeaks, sometimes present on main histogram peaks, from being interpreted as a bimodal shape. K was used to control the minimum histogram depth. The parameters determined using manual measurements from the histograms from of all subjects in the derivation cohort were; A min ¼ 200 pixels, R min ¼ 250 au, and K ¼ 80%.
Appendix B2
Detailed description of step 2 (2A) A threshold, T 2 , is computed to determine pixels in I 1C that contain AT. The threshold is determined using the histogram H 1D by least square fitting of a Gaussian function, G 2 , to the AT peak. T 2 is determined as the threshold including 95% of the AT represented by the area under G 2 . B 2A is derived by thresholding I 1C at level T 2 .
(2B) Image I 1C is masked using B 2A creating image I 2B , which only contains grey level values from pixels determined to contain AT. Intensity correction is performed by slice-wise modelling of the inhomogeneity. I 2B can be thought of as a topological map where intensity represents height. A fitting of a second-degree surface, intensity ¼ ax 2 þ by 2 þ cxy þ dx þ ey þ f, where a-f are coefficients calculated in this step, to the topological map smoothly models the intensity inhomogeneities over the body area in each slice. The fitting of the second-degree surface is performed using the summed least square criteria and the downhill simplex method of Nelder and Mead. 26 The results from the fitting of one surface is illustrated in Figure 3 .
(2C) The deviations of the smooth intensity inhomogeneity model from the mean AT pixel intensity are used to correct all body pixels in image I 1C creating the corrected image I 2C .
Appendix B3
Detailed description of step 3 (3A) A border region is determined by creation of a border mask denoted B 3A . The mask is defined as the result from a XOR (exclusive or) operation applied on two image masks. The first image mask is a dilated (in 3D) version of the body mask B 1B and the second is an eroded (in 3D) version of the body mask.
(3B) A histogram H 3 is created from the pixel intensities of I 2C masked by B 3A . A method based on minimization of weighted within class variances, proposed by Otsu, 27 is used to determine the body threshold T 3 from H 3 .
(3C) A 3D region growing, of the background of I 2C until reaching T 3 , gives B 3C and ensures that a single connected component makes up the background. The remainder, also a single connected component, makes up the volume of the body. Image I 2C masked using B 3C is denoted I 3C and contains the objectively segmented body after compensation for intensity inhomogeneities.
Appendix B4
Detailed description of step 4 When H 1D is determined to be bimodal, in step 1, H 4 is derived from the whole abdominal volume and when H 1D is determined to be non-bimodal, H 4 is derived from a subvolume situated in the SAT region. The subvolume is used to increase the relative amount of pixels containing AT in H 4 .
When H 1D is bimodal, a fitting of a Gaussian function, G 4 , to the histogram AT-peak is used. The automatic determination of T 4 from the fitted G 4 is tuned to maximize the similarity to manually determined thresholds. The threshold used as reference for each subject in the derivation cohort was the mean threshold from two-trained operator's independent threshold selections. The mean deviation from the manually determined thresholds was minimized when T 4 was selected to include 96% of the area under G 4 into the AT class.
When H 1D is non-bimodal, a binary mask, B 4 , is created by applying four iterations of erosion on a copy of B 3C . B 4 is used to only include the outer body pixels in the creation of the H 4 . T 4 is then determined using an algorithm proposed by Otsu. 27 Automated and reproducible segmentation of VAT and SAT J Kullberg et al
